Background: Myelodysplastic syndrome (MDS) and acute myeloid leukemia (AML) are neoplastic disorders of hematopoietic stem cells. DNA methyltransferase inhibitors, 5-azacytidine and 5-aza-2′-deoxycytidine (decitabine), benefit some MDS/AML patients. However, the role of DNA methyltransferase inhibitor-induced DNA hypomethylation in regulation of gene expression in AML is unclear.
Background
Myelodysplastic syndrome (MDS) is a collection of neoplastic disorders of hematopoietic stem cells (HSCs) characterized by inefficient hematopoiesis, peripheral blood cytopenia, morphologic dysplasia, and susceptibility to acute myeloid leukemia (AML). AML is characterized by accumulation of immature myeloid 'blasts' in the bone marrow and peripheral blood [1] . Accrual of epigenetic abnormalities likely contributes to development of MDS and AML. For example, promoter DNA hypermethylation and associated silencing of tumor suppressor gene CDKN2b, encoding p15INK4b, has been reported in up to 80% of AML [2] . Accordingly, there has been substantial interest in application of so-called epigenetic therapies to combat MDS and AML, most notably, DNA methylation inhibitors and histone deacetylase inhibitors [3] .
In the US, two DNA methyltransferase inhibitors (DNMTi), 5-Azacitidine (AzaC) and 5-aza-2'-deoxycytidine (decitabine), are licenced for therapeutic use in MDS/AML [4] . In the UK, AzaC is approved for use in some adults with MDS, chronic myelomonocytic leukemia or AML. Decitabine is not approved for use in the UK. These drugs act as 'fraudulent bases' mimicking cytosine, and once incorporated into DNA in S phase are able to trap DNMTs. Trapped DNMTs are degraded by the proteasome resulting in passive hypomethylation of the DNA during subsequent replication cycles [3] .
Initial studies focused on the DNA hypomethylating activity of DNMT inhibitors as being the basis of their therapeutic effects. Approximately 60% of human gene promoters are associated with CpG rich regions termed CpG islands [5] . CpG islands are typically maintained free of DNA methylation and this is permissive for gene expression. However, in many human cancers, a proportion of CpG islands is hypermethylated and this is linked to silencing of some tumor suppressor genes [6] . Hypermethylation of regions of lower CpG density adjacent to islands, termed CpG island shores, are also linked to silencing [7] .
Accordingly, it has been proposed that DNMT inhibitors cause hypomethylation of promoter regulatory regions of tumor suppressor genes silenced by DNA methylation, thereby reactivating cell growth arrest and differentiation. For example, treatment of AML cell lines and patient blasts with decitabine induced hypomethylation and reactivation of expression of p15INK4b [8] . However, other studies have failed to confirm a strong correlation between promoter and CpG island hypomethylation and activation of gene expression [9, 10] . Indeed, in addition to causing DNA hypomethylation, DNMTi cause damage to DNA, and AzaC is also incorporated into RNA, and these activities might also contribute to their biological effects [3] .
To date, studies investigating the relationship between AzaC-and decitabine-induced DNA hypomethylation and gene expression have employed analysis methods that fail to survey methylation across the entire epigenome [8] [9] [10] . For example, frequently used Illumina 27 K and 450 K arrays sample only a small number of CpGs per CpG island, and only 27,000 and 450,000 respectively of the approximately 56 million cytosines in CpG context in the genome (that is, approximately 28 million dyad CpGs). To date, no study has compared methylation changes across all CpGs with changes in gene expression. Therefore, we set out to investigate the effects of AzaC in a model AML cell line, using more comprehensive whole genome bisulfite sequencing (WGBS) to map the DNA methylation landscape in AzaC untreated and treated cells, and employing a sophisticated computational approach tailored to whole genome data to unveil relationships between altered methylation and altered gene expression (Washington University Interpolated Methylation Signatures (WIMSi)). By this approach, we identified a set of genes whose is expression is aberrantly repressed by DNA methylation in AML and reversed by DNMTi, perhaps contributing to therapeutic effects of DNMTi.
Results
To investigate the effects of AzaC on DNA methylation and gene expression at the whole genome level, we chose to work with OCI-AML3 cells as a model. AML3 cells are derived from AML (FAB M4) harboring a mutation in nucleophosmin (NPM1) exon 12 and a DNMT3A R882C mutation [11, 12] . Approximately, 35% and 22% of primary human AML harbor such mutations in NPM1 and DNMT3a, respectively [13, 14] . Since the action of AzaC as a DNA demethylating agent depends on passive demethylation due to downregulation of DNMT1, we first established an AzaC treatment protocol that downregulated DNMT1 but was not so toxic as to acutely arrest DNA synthesis and cell proliferation. We found that treating cells with 0.5 μM AzaC three times at 24-h intervals (0, 24, and 48 h) and harvesting at 96 h after the first treatment resulted in marked downregulation of DNMT1 at 96 h (Figure 1a ). However, this dose of AzaC resulted in only a modest decrease in the number of viable cells, compared to untreated controls over the same time course ( Figure 1b ). Moreover, by this protocol AzaC induced only low levels of DNA damage as measured by γH2AX ( Figure 1c ), and apoptosis measured by PARP cleavage, caspase 3 activation, and <2n DNA content (Figure 1d and Additional file 1: Figure S1a Based on these pilot data, we anticipated that treating AML3 cells with 0.5 μM AzaC three times at 24-h intervals (0, 24, and 48 h) and harvesting at 96 h should permit DNA synthesis in the absence of DNMT1, and thus passive genome demethyation.
Accordingly, AML3 cells were treated three times at 24-h intervals with 0.5 μM AzaC in triplicate and harvested 96 h after the first treatment. Genomic DNA was purified from two replicates and subjected to whole genome bisulfite sequencing (in excess of 15× coverage of each replicate), yielding a total of 237Gb of sequence data (Additional file 2: Table S1 ). In parallel, RNA was purified from three replicates and analyzed by RNA seq of poly (A) RNA. Analysis of the DNA methylation data confirmed that individual replicates of untreated and treated cells were highly concordant (Additional file 2: Tables S2 and S3) , with paired Spearman coefficients in the range of 0.79 to 0.94 between like samples (Additional file 2: Table S4 ). Importantly, in untreated cells there was also a strong correlation in promoter CpG methylation and gene expression between AML3 and primary AML cells (data from TCGA); Spearman correlation coefficient of 0.79 and 0.85 for CpG methylation and gene expression, respectively (Additional file 3: Figure S2 ). Absolute levels and changes (between untreated and treated) in methylation at non-CpG sites, CHG, and CHH (defined in Material and Methods), were negligible (untreated to treated, 0.44% to 0.40% (CHG) and 0.43% to 0.39% (CHH)) (Additional file 2: Table S5 and S6), compared to the frequency of failed bisulfite conversion of unmethylated C to U (Additional file 2: Table S7 ). Of 56,328,604 cytosines in a CpG context in the hg18 reference genome, 6,679,526 showed lower methylation (hypomethylated) in AzaC treated cells, compared to untreated cells (FDR corrected P value level of 0.05) ( Figure 1g ) (Additional file 2: Table S8 ). One hundred and ninety-two individual CpGs gained DNA methylation (hypermethylated) in AzaC treated cells (FDR corrected P value level of 0.05) ( Figure 1g , Additional file 2: Table S8 ). As expected, analysis revealed an overall decrease in cytosine methylation in AzaC treated cells ( Figure 1h ), from 66.97% to 32.32% methylcytosine basecalls at reference CpG sites. As a platform for understanding the effects of AzaC on DNA methylation and gene expression, we first analyzed the relationship between DNA methylation and gene expression in AzaC untreated proliferating AML3 cells. In untreated cells, percent methylation was in the range of 0% to 100% (Figure 2a ). However, most individual CpGs were scored as 'methylated' (>80% methylated) or 'partially methylated' , with only 20% scoring as 'unmethylated' (<20% methylated) ( Figure 2b ). When plotted across a linear chromosome, a landscape of highly methylated domains interspersed with partially methylated domains was apparent ( Figure 2c ). Highly methylated CpGs mapped predominantly to genic regions (including introns) and SINE elements (Additional file 4: Figure S3 ). Compared to a random distribution across the genome, unmethylated regions were enriched at CpG islands, 5′ UTRs and promoters ( Figure 2d ). In these general terms, these features of the global methylation landscape of AML3 cells are qualitatively similar to those previously described in cancer cells, differentiated cells, primary tissues and senescent cells [15] [16] [17] [18] [19] [20] .
Next, we plotted average percent methylation across gene bodies, promoters, and up-and downstream regions of composite genes, where transcript start and end sites (TSS and TES) were the outermost start and end sites, as defined in Ensembl Human Genes (version 54) for each gene. Composites were comprised of subgroups of all genes in the expression dataset, grouped according to level of expression in proliferating AzaC untreated cells. Within gene bodies, there was a general trend towards increasing methylation with increasing expression, as reported previously [18, [21] [22] [23] [24] [25] . This trend was most marked among the more lowly expressed genes ( Figure 3a) ; the highest expressed genes were not the most highly methylated in gene bodies. This bimodal pattern was also apparent when percent methylation along individual genes (including up and downstream regions) was plotted as a heatmap, with genes vertically rank ordered according to level of expression ( Figure 3b ). At promoters, increasing expression was associated with decreased methylation; interestingly, this trend was most marked in the extent of the unmethylated region downstream of the TSS (Figure 3a ). Again, this trend was also apparent in the heatmap analysis ( Figure 3b ). We reasoned that the correlation between low-level methylation at promoters and high-level gene expression was likely to reflect hypomethylation of CpG islands. Consistent with this idea, the most highly expressed genes also exhibited the highest CpG ratio at promoters ( Figure 3c ). Of course, in many cancers, a proportion of CpG islands is methylated and this is associated with silencing of those genes [26] . In AML3 cells, about 12% of CpG islands overlapping a TSS showed at least 80% methylation ( Figure 3d ). As expected, these were expressed at a lower level than genes with unmethylated CpG islands at the TSS (Figure 3e ). In sum, as a general trend, the highest expressed genes are those harboring hypomethylated CpG islands at the TSS. A subset of CpG islands is methylated in AML3 cells and this is associated with lower expression.
When percent methylation across each linear chromosome was compared between AzaC-untreated and treated cells, decreased methylation was apparent along the length of the chromosome (Figure 4a ). Regardless of initial methylation level, the mean level of methylation after AzaC was typically about 50% of the untreated level ( Figure 4b ), a uniform relative decrease in methylation ( Figure 4c ). Strikingly, a histogram of relative change of DNA methylation in 2 kb windows conformed to a normal distribution, confirming that across the vast majority of windows there was no difference in tendency to hypomethylation in the presence of AzaC (Figure 4d ). Most specific sequence (See figure on previous page.) Figure 1 Optimization of AzaC treatment protocol. (a) AML3 cells were treated three times with vehicle, 0.5, 1, or 2 μM AzaC (triangle) at 0, 24, 48 h, harvested at 96 h, and western blotted for DNMT1. (b) AML3 cells were treated with vehicle, 0.5, 1.5, or 5 μM AzaC at 12-h intervals and viability determined by fluorescence assay (Resazurin) at indicated time points. (c) AML3 cells were treated three times with vehicle, 0.5, 1, or 2 μM AzaC (triangle) at 0, 24, 48 h and whole cell lysates western blotted for γH2AX at 72 h. As a positive control, cells were treated with vehicle or 1 μM etoposide (Eto). (d) AML3 cells were treated three times with vehicle, 0.5, 1, or 2 μM AzaC (triangle) at 0, 24, 48 h, harvested at 72 h, and western blotted for uncleaved and cleaved PARP. As a positive control, p53 inducible SAOS2 cells were treated with vehicle or doxycycline (Dox). features of the genome underwent a comparable approximate 50% loss of methylation ( Figure 4e ). Some regions, notably CpG islands, 5′ UTR and gene promoters, underwent a smaller decrease in methylation, likely because their starting methylation was already close to zero ( Figure 2d ). Of particular note, CpG islands that were heavily methylated in untreated cells underwent substantial hypomethylation after AzaC treatment ( Figure 4f ). Despite extensive DNA hypomethylation across the whole genome, by RNA-seq analysis, a relatively small proportion of genes significantly altered their expression ( Figure 4g and Additional file 2: Table S9 ). Of 36,119 annotated genes (Ensembl Human Genes Version 54) 792 were significantly upregulated and 426 were downregulated (BH-fdr <0.05) (Additional file 5: Dataset 1, ' AML3_AzaC_SigDiff_1147').
Since AzaC induced substantial loss of methylation across the whole genome, but only a small proportion of genes altered their expression, we next set out to identify the parameters that determine altered gene expression. First, we considered the hypothesis that activation of gene expression is tightly linked to loss of methylation at a promoter CpG island. Consistent with this idea, some activated genes, for example, DAZL, did undergo CpG island hypomethylation after AzaC treatment ( Figure 5a ). However, genome-wide analyses did not support a strong link between CpG island hypomethylation and activation of gene expression. Considering the top-most upregulated genes, some are not linked to promoter CpG islands whereas others are linked to CpG islands that are only weakly methylated in untreated cells (Additional file 5: Dataset 2). Moreover, there was a very small and insignificant overlap between those genes harboring a methylated CpG island at the TSS in untreated cells and genes upregulated by AzaC (P = 0.4195) ( Figure 5b) .
Although AzaC induced a relatively uniform approximately two-fold decrease in methylation across the whole genome, the absolute difference in percent methylation varied quite widely, depending on the level of methylation in untreated cells ( Figure 5c ). However, a dot plot of absolute difference in percent methylation at CpG islands versus difference in gene expression between untreated and treated cells failed to show a correlation between altered methylation and altered expression ( Figure 5d and Additional file 6: Figure S4a ). Similarly, there was not a strong link between absolute difference in percent methylation at CpG island shores and altered expression ( Figure 5e and Additional file 6: Figure S4b ). This is the case whether changes in expression are assessed by fold change (Additional file 6: Figure S4a , b) or absolute change in expression ( Figure 5d , e). Finally, genes whose expression increased significantly after AzaC did not show a greater decrease in promoter methylation than all other genes ( Figure 5f ). Together, these results do not support the hypothesis that CpG island and/or shore hypomethylation is primarily responsible for activation of gene expression by AzaC.
The previous analyses employed a relatively simple quantitative analysis of total DNA methylation over defined regions, CpG islands, or shores. Next, we adopted a more sophisticated approach for discovering differential patterns of methylation associated with changes in gene expression. In this recently described approach (Washington University Interpolated Methylation Signatures (WIMSi) [27] ) differential methylation between AzaC-untreated and treated cells for each gene was first represented as an interpolated curve, or signature. Genes were then clustered by the shape-based similarity of their methylation signatures ( Figure 6a ). Clusters of genes where at least 85% of the genes changed expression in the same direction and the distribution of expression changes was different than the background distribution were then identified. The resultant clusters of genes all have similar methylation signatures and show concordant expression changes. Out of 1,147 genes significantly up-or downregulated by AzaC (753 upregulated and 394 downregulated (Additional file 5: Dataset 1)), this approach identified 246 upregulated genes (32.7% of all upregulated genes) that underwent a similar pattern of decreased methylation on AzaC treatment (Figure 6a , b and Additional file 5: Dataset 3, ' AML3_AzaC_WIMSi_246'). Specifically, these genes are characterized by a loss of DNA methylation on AzaC treatment greater than 0.5 to 1 kb 5′ and 3′ from the TSS, but minimal change close to the TSS itself (Figure 6b , c). This signature reflects the fact that in untreated AML3 cells, these genes are primarily methylated 5′ and 3′ to the TSS, but devoid of methylation at the TSS (Figure 6d ).
To further interrogate the significance of this gene set, we repeated the same differential methylation/expression analysis, but compared the same 1,147 genes to the difference in methylation between AML3 cells and normal human hematopoietic stem and progenitor cells (HSPC) previously reported by Hannon and co-workers [28] . This directly tested whether there are methylation changes from HSPC to AML3 cells that correlate with gene expression changes in AML3 cells upon treatment with 5-AzaC. This analysis identified 336 genes that exhibited a similar methylation difference between AML3 and HSPC ( Figure 6e and Additional file 5: Dataset 4, 'Split WIMSi_336').
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Figure 3 Relationship between DNA methylation and gene expression in untreated cells. (a)
A plot of methylation across composite genes, grouped into deciles by level of expression in untreated cells. Along the gene, DNA sequence is split into windows, each representing 2% of the total gene body, with 10 additional 1 kb windows both up-and downstream of the gene. The y-axis shows the mean percentage methylation for each decile and window. (b) Heatmap of percentage methylated CpGs over genes. Genes are split into windows as (a) and rank ordered according to the expression level of the corresponding transcript (y-axis, increasing expression at top). The intensity of the heatmap indicates the percentage methylation from 0% to 100%, white to red. (c) Heatmap of observed-to-expected CpG ratio in a 10 kb window centered on TSS. Genes are rank ordered as (b). The intensity of the heatmap indicates the value of observed-to-expected CpG ratio from 0 to 1, white to blue. (d) Proportion of CpG islands that are methylated (>80% methylation), partially methylated (20% to 80% methylated) and unmethylated (<80% methylated). (e) Histogram of expression at genes with methylated (>80% methylation), partially methylated (20% to 80% methylated) and unmethylated (<80% methylated) CpG island within 10 kb of the TSS. Specifically, these show more methylation in AML3 compared to HSPC, most marked 5′ and 3′ to the TSS (Figure 6e ). Remarkably, all of these genes were upregulated on AzaC treatment of AML3 (Additional file 5: Dataset 4). Of the 246 genes showing decreased methylation on AzaC treatment of AML3 and the 336 genes showing increased methylation between HSPC and AML3, 157 were in common, a significant (P <1 × 10 -37 ) 2.18-fold enrichment over random (Figure 6f and Additional file 5: Dataset 5, 'Over-lap_157'). Thus, genes in the AML3_AzaC_WIMSi_246 gene set tend to show increased promoter methylation in AML3 compared to HSPC. Accordingly, we reasoned that genes in the AML3_A-zaC_WIMSi_246 gene set might tend to be silenced in AML3 compared to HSPC. To test this, we identified all those genes whose expression is downregulated in AML3 compared to HSPC, based on two previously published HSPC gene expression datasets [29, 30] , and whose expression is significantly regulated by AzaC treatment of AML3 (Additional file 5: Dataset 6, 'HSPC_AML_Expr both Down_259'). Conversely, we identified all those genes whose expression is upregulated in AML3 compared to HSPC and whose expression is significantly regulated by AzaC treatment of AML3 (Additional file 5: Dataset 8, 'HSPC_AML_Expr both Up_410'). We then assessed overlap between the AML3_AzaC_WIMSi_246 gene set and these two gene sets. A substantial proportion of the 246 gene set were silenced in AML3 cells compared to normal HSPC (Additional file 5: Dataset 7, 'Overlap_84' , 84 gene overlap represents a 1.5-fold enrichment over random (P < 3 × 10 -6 )), but a much smaller proportion was activated in AML3 cells compared to HSPC (Additional file 5: Dataset 9, 'Overlap_56' , 56 gene overlap represents a 1.57fold depletion over random (P <1 × 10 -6 )). Consistent with this, the AML3_AzaC_WIMSi_246 genes were expressed at relatively lower levels in AML3 than in HSPC (Figure 6i ). In sum, the AML3_AzaC_WIMSi_246 gene set tends to be silenced in AML3 compared to HSPC.
Analysis of public TCGA primary AML data to compare CpG island methylation and expression of the AML3_A-zaC_WIMSi_246 genes according to mutation status of known epigenetic regulators, NPM1 and DNMT3A (any somatic mutation in NPM1 or DNMT3A, and irrespective of normal or abnormal karyotype), revealed very high correlation coefficients between WT/WT AML and the other three genotypes (DNMT3A/NPM1 mutant/ WT, WT/mutant, and mutant/mutant (somatic mutation status determined from TCGA)), for both gene expression and promoter CpG methylation (Additional file 7: Figure S5 ). Thus, across a broad spectrum of AML, NPM1, and/or DNMT3A mutation status does not greatly affect promoter methylation and expression of the 246 genes. However, previous studies have shown that normal karyotype DNMT3A R882 mutant AML exhibit focal CpG hypomethylation at sites throughout the genome [31] , whereas normal karyotype IDH1 R132 or IDH2 R140 mutant AML exhibit global hypermethylation [32] . In line with this, we observed a trend towards relative hypomethylation of the 246 genes in normal karyotype AML harboring DNMT3A R882 point mutations, and hypermethylation in normal karyotype AML harboring IDH1 R132 or IDH2 R140 mutations (Additional file 8: Figure S6a ). In the case of DNMT3A R882 and IDH2 R140 mutations, the methylation differences compared to normal karyotype AML wild type at these positions were P <0.05 (Additional file 8: Figure S6b ). Most notably, in the case of DNMT3A R882 mutant AML, the 246 genes exhibited a significantly greater loss of methylation than all genes (or three randomly selected groups of 246 control genes), whereas in IDH1 R132 and IDH2 R140 mutant AML the 246 genes showed significantly greater gain of methylation than all and control genes (Figure 7a , b, and c). Despite these differences in expression, there was no significant difference in the level of gene expression between any of the wild-type and mutant genotypes (data not shown).
While analysis of transcription factor binding sites (from [33] ) in gene promoters did not reveal any transcription factor binding sites to be substantially enriched in a large proportion of the AML3_AzaC_WIMSi_246 genes (data not shown), assessment of gene ontology using Ingenuity pathway analysis showed that the aforementioned (See figure on previous page.) Figure 6 AzaC reverses a specific signature of aberrant promoter DNA methylation and associated gene silencing in AML. (a) Clusters of upregulated genes with similar differential methylation signatures [27] . Orange highlight regions, 75% upregulated. (b) Differential methylation up and downstream of TSS (0 bp). Y-axis, differential methylation, -1 to 1, complete hypomethylation and hypermethylation, respectively. Fold change (log2) gene expression is indicated (>0 = upregulated by AzaC) (Black to red, extent of upregulation). (c) Average differential methylation in AML3 -/+AzaC, over 246 genes identified by the gene list tool. (d) Average fraction methylation (Y-axis) around TSS of 246 genes in AzaC-untreated AML3. (e) Average plot of differential methylation, HSPC, and AML3 cells, over 336 genes identified by the gene list tool. (f) Overlap between 246 genes differentially methylated between AzaC-treated and untreated AML3 ((AML3_AzaC_WIMSi_246), Additional file 5: Dataset 3) and 336 genes differentially methylated between HSPC and AML3 ((Split WIMSi_336), Additional file 5: Dataset 4) (2.18-fold enrichment over random (P < 1 × 10 -37 ), Additional file 5: Dataset 5)). (g) Overlap between 246 genes differentially methylated between AzaC-treated and untreated AML3 (AML3_AzaC_ WIMSi_246) and genes downregulated in expression in AML3 cells compared to both HSPC data sets (NIH and UNSW) and significantly regulated by AzaC in AML3) (Additional file 5: Dataset 6, HSPC_AML Expr both Down_259). Eighty-four gene overlap represents a 1.5-fold enrichment over random (P < 3 × 10 -6 ) (Additional file 5: Dataset 7) . (h) Overlap between 246 genes differentially methylated between AzaC-treated and untreated AML3 (AML3_AzaC_WIMSi_246) and genes upregulated in expression in AML3 cells compared to both HSPC data sets (NIH and UNSW) and significantly regulated by AzaC in AML3 (HSPC_AML Expr both Up_410) (Additional file 5: Dataset 8). Fifty-six gene overlap represents a 1.57-fold depletion over random (P <1 × 10 -6 ) (Additional file 5: Dataset 9). (i) Fraction of 246 genes differentially methylated between AzaC-treated and untreated AML3 (AML3_AzaC_WIMSi_246) with indicated gene expression in AML3 and HSPC cells (NIH or UNSW datasets). 246 are enriched in genes potentially linked to therapeutic activity of AzaC, including cell movement, cell death and survival, and cell growth and proliferation (Table 1 ). To further assess the potential therapeutic relevance of this AzaC-responsive 246 gene set, we analyzed their expression levels in patient-derived primary AML blasts treated in vitro with the related DNMTi, decitabine, using a dataset previously published by Ley and co-workers [9] . Of the 246 AzaC-responsive genes, 230 were represented in the Ley and coworkers dataset [9] , and these genes were consistently more upregulated by decitabine than all genes, across a group of 17 patients (Figure 7d and Additional file 5: Dataset 10). In contrast, the 662 genes (in the original set of all genes regulated by AzaC in AML3, AML3_AzaC_ SigDiff_1147) for which WIMSi did not find evidence of a correlation between methylation and expression (' AML3_AzaC_662') were not more upregulated by decitabine than all genes (Figure 7e and Additional file 5: Dataset 10). Thus, using WIMSi's methylation signature approach, we have identified a subset of genes regulated by AzaC treatment of AML3 that are more likely than other AzaC-regulated genes to be upregulated by decitabine in primary patient blasts.
Discussion
To date, most WGBS analyses of human cancers have been performed on solid tumors [15] [16] [17] . DNA methylation analyses in AML have tended to employ less comprehensive methods, such as Illumina arrays, reduced representation bisulfite sequencing (RRBS) and methylated DNA immunoprecipitation (MeDIP)-seq. While these studies obviously have their own important strengths, such as throughput of multiple primary samples from patients [9, [34] [35] [36] , no previous study has performed WGBS on primary AML blasts or cell lines. Nor have previous studies examined the effects of DNMTi on DNA methylation and gene expression, employing such comprehensive methods as WGBS and RNA-seq. This is important because DNMTi are used in the clinic, yet the relationship between their effects on DNA methylation and gene expression is unclear. Accordingly, we report here the first WGBS analysis of DNA methylation in an AML cell line. We also report the effects of AzaC treatment on DNA methylation and gene expression. Based on simple quantitative analyses of methylation at promoters, CpG islands, and shores, there was no significant correlation between loss of DNA methylation and change in gene expression. However, a more sophisticated search algorithm identified a subset of upregulated genes with a signature loss of methylation flanking the TSS. Remarkably, many of these same genes gained methylation in AML3 cells compared to normal hematopoietic stem and progenitor cells and this was typically accompanied by their downregulation in AML3 cells. These genes have functions in cell movement, cell death and survival, and cell growth and proliferation and are preferentially upregulated on decitabine treatment of patient-derived primary AML blasts. Hence, these genes are candidates for genes whose expression is aberrantly repressed by DNA methylation in AML and reversed by DNMTi treatment.
Globally, the DNA methylation landscape of proliferating AML cells, without AzaC treatment, is reminiscent of other solid tumor epigenomes analyzed by WGBS [15] [16] [17] ; large regions of near complete DNA methylation are interspersed with regions of partial methylation and much more focal regions that are largely depleted of DNA methylation. As in normal genomes, regions lacking DNA methylation are predominantly at promoters containing CpG islands [18] . However, as is typical of cancer genomes, a proportion of CpG islands is methylated [26] ; in AML3 cells, about 12% of CpG islands overlapping (See figure on previous page.) Figure 7 Genes upregulated by AzaC in AML3 are preferentially impacted by mutations that affect DNA methylation and upregulated by Decitabine in patient primary AML blasts. (a) Difference between mean promoter methylation of normal karyotype primary AML WT or mutant at DNMT3A R882 for the indicated groups of genes (all, AML3_AzaC_WIMSi_246 (Aza/246) or three groups of 246 randomly selected genes). P value (Wilcoxon test) of AML3_AzaC_WIMSi_246 versus all other groups <0.001. (b) As (a), but the difference between IDH1 R132 and WT. P value of AML3_AzaC_WIMSi_246 versus all other groups <0.001. (c) As (a), but the difference between IDH2 R140 and WT. P value of AML3_AzaC_WIMSi_246 versus all other groups <0.001. (d) Log2 fold change in expression of AML3_AzaC_WIMSi_246 genes (blue) and all genes (red) in patient primary blasts after treatment with decitabine. Data from [9] . Sixteen out of 17 patients showed a P value <0.001 (Fisher's Exact). See Additional file 5: Dataset 10 for P value of difference between AML3_AzaC WIMSi (246) genes and all genes. (e) As (a), but 662 genes out of 1,147 genes regulated by AzaC in AML3 (Additional file 5: Dataset 1) that are most divergent from signature identified by WIMSi depicted in Figure 6c (AML3_AzaC_662). See Additional file 5: Dataset 10 for P value of difference between AML3_AzaC WIMSi (246) genes and AML3_AzaC_662 genes. Cell-to-cell signaling and interaction 63 <0.004
The five top-scoring 'molecular and cellular functions' are shown.
gene TSS are methylated. Consistent with the link between CpG island hypermethylation and gene silencing [26] , genes with methylated CpG islands tend to be expressed at a lower level than genes with unmethylated CpG islands. As shown previously in other cell types, at gene bodies there is general trend towards increasing gene body methylation with increasing expression, although this relationship breaks down at the most highly expressed genes [18, 21, 22, 24, 25] . Treatment of AML3 cells with AzaC resulted in a nearuniform approxiamte 50% decrease in methylation across the whole genome. Only promoters, CpG islands and 5′ UTRs underwent a slightly more modest decrease, presumably because many of these regions are unmethylated or barely methylated even prior to AzaC treatment. In contrast, previous reports have suggested that AzaC and decitabine cause preferential loss of DNA methylation at some regions of the genome [9, 34, 37] . While differences between cell lines, primary blasts, and DNMTi treatment protocols might account for some differences, the 15× genome-wide coverage achieved in our study unambiguously reveals a uniform decrease across the genome in this study. Of course, a 50% decrease in methylation across the whole genome results in a greater absolute loss of methylation at highly methylated regions, compared to lowly methylated regions. In fact, from this perspective our data appear consistent with those of Ley and coworkers [9] . In sum, at least in AML3 cells, there is no locus-specific preferential loss or retention of DNA methylation.
In contrast to the uniform loss of methylation across the genome, AzaC caused highly targeted gene-specific changes in gene expression. Specifically, 792 genes were significantly upregulated, and 426 downregulated. Since about 12% of genes with a CpG island overlapping the TSS harbor a methylated CpG island in AzaC-untreated cells, and since methylation is associated with decreased expression in these cells, we initially asked whether upregulation of gene expression was associated with CpG island hypomethylation. However, based on simple quantitative analyses of methylation at promoters, CpG islands, and shores, there was no significant correlation between loss of DNA methylation and change in gene expression. Previous studies, for example employing Illumina 450 K arrays or Sequenom technology targeted to selected genes, similarly failed to observe a strong link in this regard [9, 10, [38] [39] [40] [41] [42] [43] . Conceivably, failure to observe widespread upregulation of hypomethylated genes in in vitro studies depends, in part, on lack of appropriate in vivo signals and environmental factors. Obviously, this issue can only be addressed in humans in the context of clinical studies.
Regardless, a major advantage of WGBS data lies in the ability to perform unbiased searches for patterns of methylation (at the single nucleotide level) that correlate with expression [20, 27] . Indeed, a more sophisticated search algorithm, WIMSi [27] , identified a subset of 246 upregulated genes with a shared signature loss of methylation flanking the TSS. Increased expression of these genes after AzaC, associated with a common methylation loss signature, tentatively suggests that these genes might be directly regulated by DNA methylation. In further support of this idea, many of these same genes gained methylation in AML3 cells compared to normal hematopoietic stem and progenitor cells and this was typically accompanied by their downregulation. Conceivably, these are genes whose is expression is aberrantly repressed by DNA methylation in AML and reversed by AzaC treatment of AML; the remainder of the genes regulated by AzaC in AML3 might be regulated as a secondary consequence of these candidate primary targets, or might be regulated via effects of AzaC on RNA or DNA damage. Consistent with these 246 genes being directly regulated by DNA methylation, these genes were also significantly and preferentially upregulated in decitabine-treated human primary AML blasts, compared to all genes and even genes regulated by AzaC in AML3 but lacking the loss of methylation signature characteristic of the 246 genes. Since AzaC and decitabine share the ability to induce DNA hypomethylation, but differ in some other respects such as AzaC's preferential incorporation into RNA, this points to the 246 genes being regulated by DNA methylation. Underscoring the power of the WGBS and WIMSi analysis approach, the original authors of this decitabine study reported a limited correlation between change in DNA methylation and expression [9] , likely because the array-based approach had insufficient coverage of promoter CpGs. The 246 AzaCregulated genes are involved in processes the can reasonably drive anti-neoplastic activity, cell death, cell movement, and cell proliferation, supporting the view that reversal of silencing of these genes by DNMTi contributes to therapeutic activity. If so, methylation and/or expression status of these genes might have utility as biomarkers to predict and/or monitor patient response to DNMTi.
Conclusions
In sum, our WGBS and WIMSi data analysis approach has identified a set of genes whose methylation and silencing in AML is reversed by DNMTi. Known genetic determinants of altered genome methylation in AML, namely DNMT3A, IDH1, and IDH2 mutations, also preferentially impact methylation of this group of 246 genes in normal karyotype primary AML. These genes are good candidates for direct regulation by DNMTi, and their reactivation by DNMTi may contribute to therapeutic activity. Consequently, regulation of these genes by DNMTi might serve as a biomarker to monitor ontarget activity of DNMTi in patients, and perhaps to predict therapeutic response. This study also demonstrates the ability of WIMSi to reveal relationships between DNA methylation and gene expression, based on singlenucleotide bisulfite-sequencing and RNA-seq data.
Materials and methods

Antibodies
Antibodies to the following targets were used in this study: actin (A1978, Sigma); DNMT1 (AB19905, Abcam); γH2AX (05-636, Millipore), PARP (9542P, Cell Signaling), and 5′-BrdU (347580, Becton Dickinson).
Cell culture, AzaC treatment, and cell viability assays OCI-AML3 cells were obtained from DSMZ [44] and authenticated using Applied Biosystems AMPF/STR identifier kit (short tandem repeat multiplex assay). Cells were cultured in suspension in RPMI media supplemented with FBS 20%, Penicillin 5%, and L-Glutamine 5%, incubated at 37°C in humidified conditions and 5% CO 2 . To passage, cells were counted by hemocytometer and either centrifuged to a pellet and resuspended in fresh media or resuspended in 50% fresh media at a concentration of 0.5 × 10 6 /mL every 2 to 3 days. For long-term storage cells were centrifuged to a pellet and resuspended in 1 mL freezing media (70% RPMI/20% FBS/10% DMSO) in batches of between 4 and 10 × 10 6 /mL and stored in cryovials at -80°C.
AzaC was dissolved from lyophilised powder into culture-sterile DMSO to produce a 20 mM stock solution and stored as 15 μL aliquots at -80°C. For each new experiment a fresh aliquot of AzaC was diluted in RPMI/20% FBS to produce a 2 mM working stock which was diluted directly onto cells in culture.
Viable cells were counted using vital dye (trypan blue) to assess membrane integrity. All counts were performed in duplicate or triplicate. Where indicated, cell viability was also assessed using the indicator dye Rezasaurin to measure metabolic capacity of the cells, according to the manufacturer's instructions (CellTiter-Blue, Promega).
Western blotting
Cell lysates were prepared by resuspending cells in freshlyboiled 1x Laemmli SDS sample buffer. Protein quantitation was performed by Bradford assay (Bio-Rad). Western blotting was performed as described previously [45] .
Activated caspase assays
NucView 488 Caspase 3 substrate was used to detect caspase 3 activity as a reflection of apoptosis, according to manufacturer's instructions (Biotium).
Cell cycle analysis
DNA content was measured by FACS in fixed, permeabilized 7-AAD-stained cells, as described previously [46] . Cell cycle distribution was modelled from DNA content using FlowJo [47] . Two color 7-AAD and 5-BrdU cell cycle analysis was performed as described previously [48] .
CFSE assays
CFSE staining was used to track cumulative cell divisions, as described previously [49] .
Bisulfite sequencing
Bisulfite sequencing of duplicate samples of genomic DNA from untreated and AzaC-treated AML3 cells was performed by BGI Tech.
DNA methylation data analysis/statistics
Processing and alignment of Bisulfite sequencing reads Sequence reads are transformed in silico to fully bisulfite converted forward (C-> T) and reverse (G-> A) reads. The converted sequences are aligned against a converted human reference genome (hg18) in each combination: (1) forward (C-> T) reads aligned to forward (C-> T) genome, (2) reverse (G-> A) reads aligned to reverse (G-> A) genome, (3) forward (C-> T) reads aligned to reverse (G-> A) genome, (4) reverse (G-> A) reads aligned to forward (C-> T) genome. During the library preparation process genomic fragments representing alignments (3) and (4) are generated in the PCR step however they are not sequenced and only fragments corresponding to alignments (1) and (2) are read. As a result only uniquely matching alignments from (1) and (2) are retained. Alignment was performed using bismark [50] (version 0.5.1), based on the Bowtie [51] aligner (version 0.12.7). Unaligned reads resulting from the initial alignments from these libraries were trimmed 15 bp from the 5′ end in order to remove the adapter sequences, as some libraries contained these sequences and realigned.
For each aligned sequence tag, the original unconverted sequence is compared against the original unconverted reference genome and the methylation status is inferred. Sequences aligned from (1) and (2) give information on cytosines on the forward and reverse strands, respectively.
To remove PCR bias a deduplication step removes potential duplicate reads, where both ends of the fragment align to the same genomic positions on the same strand, only one of the reads is retained. To control for potential incomplete bisulfite treatment any reads with more than three methylated cytosines in non-CpG contexts are discarded. Additional file 2: Table S1 details the sequence yields at each stage of this process. Additional file 2: Tables S2, S5 , and S6 detail the number of methylated and unmethylated bases sequenced within CpG, CHG, and CHH contexts (H = A, C, or T). Additionally, reads are mapped against the unmethylated lambda genome which was added to bisulfite sequencing reactions, giving the number of methylated bases allowing combined error rate resulting from sequencing errors and incomplete bisulfite conversion (Additional file 2: Table S7 ) to be determined.
Identification of methylated cytosines
Processed reads are aggregated on a per CpG basis (number of bases read supporting methylated/unmethylated status). At each reference cytosine the binomial distribution was used to identify whether a subset of the genomes within the sample were methylated at this location. Methylcytosines were identified while keeping the number of false positives below 1%. The probability of sequencing an observed number of cytosines given the identified error rates from the lambda alignment was determined using the binomial distribution. At each reference cytosine the number of trials in the binomial test was the read depth and the number of successes in the test was equal to the number of cytosines sequenced at that base. The probability was then corrected using the BH-FDR function and the list of CpG sites was thresholded at the 0.01 FDR level. See Additional file 2: Table S3 .
A two-tailed Fisher's exact test was used to identify CpGs that were differentially methylated. Only CpG determined using the binomial distribution in at least one sample, with at least three reads in at least one condition and with at least one read in the other condition, were considered for testing. P values were corrected using the BH-FDR function to control false positives at a rate of 5%. At this stage replicates were pooled for subsequent analysis.
Percentage CpG methylation in genomic windows
The percentage CpG methylation for a given window was calculated as the total number of methylated cytosines sequenced (at CpG sites for that window), divided by the total number of cytosines sequenced (at CpG sites for that window), multiplied by 100.
Difference and relative difference in CpG methylation
Difference in CpG methylation was defined as the difference between the treated and untreated percentage methylation. Relative difference in CpG methylation was defined as the difference in CpG methylation divided by the untreated percentage methylation.
Global methylation
The whole genome was split into non-overlapping 2 kb windows. For each window the start position was the nearest upstream reference CpG site to the end of the previous window. The percentage CpG methylation (AzaC untreated and treated), and relative difference in CpG methylation was determined for each window as previously described. Windows with no reads at all CpG sites, in either dataset were omitted.
Genomic features
The genomic features genic, exonic, 5′ UTR, and 3′ UTR were downloaded from Biomart (Ensembl genes version 54), and CpG Islands, SINEs, LINEs, STRs, LTRs, low complexity DNA, DNA transposons, and satellite repeats were downloaded from UCSC (hg18). Promoter regions were defined as TSS +/-2 kb, and intronic regions as genic and non-exonic (overlapping exons were merged). CpG island shores were defined as the 2 kb flanking the CpG island, and CpG island shelves as the 2 kb flanking the shores [7] .
CpG ratio
The observed-to-expected CpG Ratio was calculated as: (CpGs in window * window length)/(Number of Gs in Window * Number of Cs in window) [42] .
Determination of observed-to-expected overlaps
Overlaps were computed on a per base pair basis between two datasets (A and B). For every region within A the number of base pairs that were occupied by a region within B was computed. A permutation test was performed in order to determine the background genomic average expected overlap. One thousand sets of regions with properties (length distribution and chromosome distribution) equal to set B were generated. Randomly generated regions of B were prevented from being generated within unsequenced regions of the genome (as defined by UCSC mapping and sequencing track -gap). The overlap of A and B was repeated for each randomly generated set of B to determine the average expected random overlap. P values were estimated empirically from the observed overlaps of the randomly generated sets.
Methylation difference plots
Data bins were created for the integer values 0 to 100 and initialized as empty lists. For each CpG site within the pooled data the methylation percentage for AzaC untreated and treated samples was calculated, considering only CpGs with minimum coverage of 10 reads in at least one sample and three reads in both samples. Methylation percentage of the AzaC untreated sample was truncated to an integer value and used to select an appropriate data bin into which the treated sample methylation percentage was appended and the average of each bin was computed giving the corresponding final methylation percentage in treated cells. Difference in methylation was defined as the difference between final and starting average methylation percentages, and relative difference in methylation was defined as the difference in methylation divided by the average starting methylation percentages.
Smoothed methylation plots
The pooled whole genome methylation data were processed using the BSmooth algorithm from the bsseq (v0.8.0) package within Bioconductor as described in [52] . A modified version of the bsseq plotSmoothData function was created to plot the smoothed data with individual CpGs shown (addPoints = True) but while suppressing the vertical ablines.
Composite plot generation
To generate composite gene profiles the Ensembl gene annotation (version 54) was used to identify the outermost transcript start and end sites (TSS and TES) for each of the Ensembl genes in the expression dataset. The area between these sites, for each gene, was classified as the gene body and split into 50 windows of equal size (each corresponding to 2% of the total gene body). Ten additional 1 kb windows were prepended (appended) to the start (end) of the gene to provide genomic context. The AzaC untreated percentage methylated CpGs for each window was determined.
Genes by decile plot
Expressed Genes (FPKM > 0) were ranked by expression and placed into appropriate ranked decile bins. For each composite plot window, the percentage methylation was averaged for all genes in each decile.
Gene body heatmap
Heatmaps were generated where the y-axis corresponds to Ensembl genes ordered by expression value in AzaC untreated RNA-seq dataset and the x-axis to percentage CpG methylation in the composite plot windows described previously and their position along genes. Genes for which greater than 50% of windows contained no reference CpGs were omitted.
TSS centered heatmaps
The area around each TSS was split into 200 bp windows spanning 5 kb upstream and downstream of the TSS. The percentage CpG methylation and observed-toexpected CpG ratio for each window was determined. Heatmaps were generated where the y-axis was as the gene body heatmap, and the x-axis to the described windows and their position relative to the TSS. Genes for which greater than 50% of windows contained no reference CpGs were omitted.
RNA sequencing
Samples were prepared for RNA sequencing (RNA-seq) according to the Illumina manufacturer's instructions. Samples were sequenced using the Illumina GAIIX sequencer. For analysis, RNA-seq paired-end reads are aligned to the human genome (hg18) using a splicingaware aligner (tophat). Reference splice junctions are provided by a reference transcriptome (Ensembl build 54), and novel splicing junctions are determined by detecting reads that span exons that are not in the reference annotation.
Aligned reads are processed to assemble transcript isoforms, and abundance is estimated using the maximum likelihood estimate function (cuffdiff ) from which differential expression and splicing can be derived. See Additional file 2: Table S9 . RNA-seq gene expression data from HSPC cells [29, 30] , was processed using edgeR and an FDR cutoff of 0.1.
Comparison of gene expression and DNA methylation data
For direct comparisons of gene expression to DNA methylation in Figure 5 and Additional file 6: Figure S4 , the full list of 1,218 significantly changed genes (including 71 small RNAs) was used.
Comparison of AML and AML3 methylation
The Cancer Genome Atlas (TCGA) Illumina Human Methylation 450 k Array data for AML was downloaded from the TCGA data portal [53] . The hg18 genomic coordinates for each CpG probe was identified using the Illumina Human Methylation 450 k Array annotation file obtained from GEO [54] . To allow reasonable comparison, the TCGA methylation data were filtered to remove all CpGs where there were fewer than 10 reads in our pooled AML3 BS-Seq dataset. Next, for each gene (NCBI gene annotation 36.1): the mean beta value across all samples, for all CpGs within 2 kb of the TSS, was calculated. Finally the mean beta values were plotted against the mean% CpG methylation at the equivalent CpGs in the pooled AML3 data. To generate smoothed scatter plots the R (v3.0.2) function smoothscatter was used, using the transformation function x^1. Spearman correlations were calculated using the R function cor.test method = 'spearman'.
Comparison of AML and AML3 expression
The Cancer Genome Atlas (TCGA) RNA-seq V2 data for AML was downloaded from the TCGA data portal [53] . For each gene, the mean read count across all TCGA samples was calculated. For each gene, the mean read count across all AML3 RNA-seq samples was calculated using HTSeq [55] . Finally expression values (log 2 ) for AML were plotted against the equivalent values (log 2 ) in AML3, using R (v3.0.2) as above.
Comparison of TCGA AML subtypes data preparation
The Cancer Genome Atlas (TCGA) Patient and Mutation data for AML were downloaded from the TCGA data portal [53] . Mutation subtypes (number of samples) were identified as: WT/WT (120 genes), WT/mut (23 genes), mut/ WT (26 genes), and mut/mut (28 genes) for DNMT3A and NPM1, respectively. Where WT corresponds to no somatic mutations identified, and mut corresponds to at least one somatic mutation identified in the sample. Additional mutation subtypes (number of samples) were identified as: NK DNMT3A R882+ (20 samples), NK DNMT3A R882-(82 samples), NK IDH1 R132+ (10 samples), NK IDH1 R132-(92 samples), NK IDH2 R140+ (12 samples), and IDH2 R140-(90 samples). Where NK indicates normal karyotype and +/-indicates the presence/absence of the specific mutation in the sample.
Using the TCGA illumina human methylation 450 k array data for AML For each gene (NCBI gene annotation 37), the mean beta value across all samples of each mutation subtype, for all CpGs within 2 kb of the TSS, was calculated.
Using the RNA-seq V2 data for AML For each gene, the mean read count across all samples of each mutation subtype was calculated.
Comparison of TCGA AML subtypes, scatter, and boxplots
To generate the TCGA AML mutation subtype scatter plots, the expression and methylation data described above were filtered to include only the 246 upregulated genes identified by WIMSi between AML3 and AML3 + AzaC. Scatter and boxplots were then generated comparing each mutation subset to its appropriate control, for both methylation and expression. For expression a log 2 scale was used. Pearson Correlation Coefficients were calculated using Libre Office (v4.0.2.2). Wilcoxon tests were performed using the R (v3.0.2) function wilcox.test. To generate control random gene lists, the python (v2.7.4) library random.py was used.
Identification of altered methylation associated with altered gene expression by WIMSi
This was performed as described in [27] . For this approach, methylation signatures were created for each gene by interpolating the differential methylation scores over a fixed window relative to the gene' s transcription start site (TSS). The geneset was significant changed genes (Additional file 5: Dataset 1, not including 71 small RNAs). A curve similarity metric, Dynamic Time Warping, was used to cluster genes together based on the shape of the differential methylation data in the window. We then identified clusters of genes with similar patterns that have coordinated differential expression. To generate a gene list, we executed this procedure over many 5 kb windows around the TSS and selectively combine the results.
Duplicates from AzaC treated and untreated were averaged and cross-referenced with Ensembl to determine the TSS. Genes with no sites having a differential methylation level of at least 0.2 within the window were removed. Genes for which methylation could not be interpolated due to a low number of sites in the region were removed. Signatures were clustered for 23 5 kb windows overlapping every 500 bp, covering the area from 8 kb upstream of the TSS to 8 kb downstream. Clusters that were significantly up-or downregulated compared to the overall set of expression values were then identified (Kolmogorov-Smirnov test; FDR <0.05 using Benajmini-Hochberg). The Fréchet distance was computed using a scaling factor between the x-axis (bp) and y-axis (differential methylation score) of 2,500 bp to 1 unit. A minimum cluster size of 10 and a minimum cluster purity of 0.85 were used. Gaussian smoothing (σ = 50) was applied to the signatures before clustering. A gene was included in the final list if at least two of its replicates were present in a significant cluster for at least three of the 5 kb windows.
Analysis of decitabine-treated AML cells
Processed expression values were downloaded from GEO (GSE40442). Expression values were averaged across probes for each Refseq gene. For each gene differential expression was computed as log2(decitabine treated expression/Mock treated expression). Differential expression values for each sample from the 246 AzaC responsive genes (AML3_AzaC_-WIMSi_246) were compared to all genes using Fisher's Exact test. To identify genes likely not regulated by methylation, we ran the WIMSi gene list tool and found 662 genes (out of 1,147 genes differentially expressed in AzaC treated AML3 cells) that were not flagged as significant in any window.
